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Poyang Lake Basin 
GAMLSS 
A B S T R A C T   
Study region: Poyang Lake Basin, China. 
Study focus: This study aimed to investigate whether there are non-stationary characteristics of 
extreme precipitation in the Poyang Lake Basin (PLB) of China, and the trends of non-stationary 
characteristics from 1959 to 2019. The spatio-temporal variations of extreme precipitation were 
analysed from three fundamental aspects: duration, frequency, and intensity, based on the pre-
whitening Mann-Kendall (PWMK) test. Non-stationary variations and the risk of extreme pre-
cipitation were investigated based on the generalized additive models for location, scale, and 
shape (GAMLSS). 
New hydrological insights for the region: (1) the intensity and frequency of extreme precipitation 
increased significantly, whereas there was a significant decrease in extreme precipitation dura-
tion in the PLB. (2) The duration of extreme precipitation showed significant non-stationary 
characteristics in the western PLB. At the Nanchang site, 83.3 % of the extreme precipitation 
intensity indices showed non-stationary characteristics. The RX1day (maximum 1-day precipi-
tation amount) and RX5day (maximum 5-day precipitation amount) increased significantly for 
different return periods under non-stationary conditions in the northwestern PLB. (3) The risk of 
extreme precipitation can be captured using the GAMLSS. The stationary method underestimated 
the extreme precipitation intensity (e.g., RX1day) compared to the GAMLSS for longer return 
periods in the PLB. More attention should be paid to the increase and fluctuation of the return 
period of extreme precipitation caused by the mean non-stationarity and variance non- 
stationarity.   
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1. Introduction 
Climate change (particularly extreme weather events) has attracted considerable attention in recent decades (Gudmundsson et al., 
2021; Zou et al., 2021). The Fifth Intergovernmental Panel on Climate Change (IPCC) report provided clear evidence of global 
warming. From 1880 to 2012, the average global surface temperature increased by approximately 0.85 ◦C (IPCC, 2014). Compared 
with the average climate, extreme climatic events are more sensitive to climate change (Gao et al., 2017) and the trend of change is 
stronger (Khan et al., 2020). Therefore, in the context of global warming, the intensity and frequency of extreme events have changed 
significantly (Ali et al., 2018; Gao et al., 2020; Kundzewicz et al., 2020). In recent years, there has been an increase in the frequency of 
extreme high temperature and extreme precipitation events (Alexander, 2016) and extreme precipitation events are positively 
correlated with temperature increases (Ali et al., 2018; Gao et al., 2020). The global increase in the frequency and intensity of extreme 
precipitation events not only leads to serious natural hazards such as floods (Tang et al., 2021) and landslides and debris flows (Ingram, 
2016), but also causes substantial human and economic losses (Lu et al., 2021). 
Global extreme weather event variability and trends have shown significant changes, and many previous studies have shown that 
China experiences frequent extreme precipitation events (Li and Chen, 2021; Lu et al., 2020; Zhou et al., 2021). As the largest 
freshwater lake in China, Poyang Lake has strategic importance in sustaining the surrounding ecological environment. Several studies 
have found that climate change and human activity have caused more extreme precipitation events and floods in the Poyang Lake 
Basin (PLB) in the recent decades (Li et al., 2021; Ma et al., 2021; Zhu et al., 2020), which has severely affected the stability of the 
surrounding environment (Zhan et al., 2019). The effects of human activities on climate change mainly correspond to the frequent use 
of fossil fuels, massive greenhouse gas emissions, land use and land cover change, and construction of reservoirs (Xin et al., 2019). In 
addition, previous studies have shown that the East Asian Summer Monsoon (EASM) (Zou and Ren, 2015), El Niño/Southern Oscil-
lation (ENSO), North Atlantic Oscillation (NAO), Indian Ocean Dipole (IOD), and Pacific Decadal Oscillation (PDO) are significantly 
associated with extreme precipitation events in the PLB, particularly ENSO (Xiao et al., 2015). 
Li and Hu (2019) used a group of extreme precipitation-related indices based on the Mann–Kendall (MK) trend test (Kendall, 1975; 
Mann, 1945) and found an intensified trend of extreme precipitation events in the PLB during 1960–2012. Zhang et al. (2015) used 15 
rain gauges and the MK trend test and found that precipitation changes intensified, as reflected by increased precipitation extremes. 
Most existing studies are based on the MK trend test to identify whether significant trends exist in hydro-meteorological time series. 
However, there are autocorrelation effects in the hydrometeorological time series, which can lead to errors in the trends (Das and 
Scaringi, 2021; O’Brien et al., 2021). 
Moreover, the stationary and non-stationary characteristics of extreme precipitation events have become a hot issue in climate 
change research (Sun et al., 2018). Studies based on the stationarity assumption indicated that sample series obeyed the same dis-
tribution in the past, present, and future. However, in a changing environment, climate change and human activities significantly 
influence the intensity, frequency, and duration of extreme precipitation events (Gao et al., 2018) so the conventional stationarity 
hypothesis is no longer suitable for flood risk assessment and hydrological project design (Gao et al., 2017, 2018). However, most 
existing flood protection design standards are based on assumptions of stationarity when calculating storm return periods, which can 
lead to distortion of the standards (Lu et al., 2020; Mirdashtvan and Mohseni Saravi, 2020). Therefore, when studying extreme pre-
cipitation, non-stationary characteristics need to be tested to ensure the accuracy of the results (Sun et al., 2018). Rigby and Stasi-
nopoulos (2005) proposed a non-stationary analysis model called generalized additive models for location, scale, and shape (GAMLSS), 
which has been widely used for the simulation and attribution analysis of runoff changes by constructing linear, nonlinear, parametric, 
and non-parametric relationships between distribution function parameters and multiple explanatory variables. Chen et al. (2021) 
used the peak flow series from 158 gauges in the UK based on GAMLSS. Moreover, previous studies have shown that GAMLSS has good 
applicability in investigating the non-stationary characteristics of extreme precipitation in the southeast coastal region of China (Gao 
et al., 2017). 
It is important to assess the trend of extreme precipitation events and analyze the stationary and non-stationary characteristics of 
PLB to reduce the effects of natural disaster reduction and management of water resources. To achieve this, the prewhitening MK 
(PWMK) test (Yue and Wang, 2002), which eliminates autocorrelation in meteorological and hydrological series, was selected for trend 
testing. The GAMLSS, which is based on the location, scale, and shape parameters, was selected for non-stationary analysis. The 
objectives were to: 1) analyze the spatio-temporal variation in extreme precipitation, 2) detect the non-stationary characteristics of 
extreme precipitation, and 3) investigate the recurrence risk of extreme precipitation events. The outcome of this study can provide 
effective scientific support for reducing the effects of extreme precipitation events in the PLB. The remainder of this paper is organized 
as follows: Section 2 describes the data and methods used in this study, Section 3 elaborates the results analysis, and the discussion and 
conclusions are presented in Sections 4 and 5, respectively. 
2. Data and methods 
2.1. Meteorological observations 
As an important storage lake in the Yangtze River Basin, Poyang Lake plays an important supplementary role in maintaining water 
sources and protecting ecological diversity (Lei et al., 2021). The PLB extends between 113.74–118.47 ◦ E and 24.57–30.01 ◦ N, with a 
drainage basin area of 16.22 × 104 km2. The PLB has a subtropical monsoon climate with an average annual precipitation of 1664 mm. 
The PLB has low elevation in the middle and high elevations, including high mountains, hills, and plains. The lake receives water flows 
mainly from five rivers: Ganjiang, Fuhe, Xinjiang, Raohe, and Xiushui. 
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There are 16 meteorological stations conducting long-term consecutive measurements in the PLB (Fig. 1). The measurements were 
obtained from the China Meteorological Data Sharing Service System of the National Meteorological Information Center (http://data. 
cma.cn/) for 1959–2019. All the selected stations can reflect the rainfall trend, with no gaps exceeding two consecutive weeks. The 
quality of the observations was rigorously tested by the provider, and we performed quality control and error analysis on all data 
before conducting the analysis to ensure the authenticity and accuracy of the data. 
2.2. Methods 
2.2.1. Extreme precipitation indices 
The extreme climate indices are a series of climate indices provided by the Expert Team on Climate Change Detection Monitoring 
and Indices (ETCCDMI), based on daily temperature and precipitation data. Extreme precipitation indices were calculated to detect the 
non-stationary characteristics of extreme precipitation events (Table 1). These indices were computed using the RClimDex software 
(Zhang and Yang, 2004). The calculation process of RClimDex includes data quality control, homogenization tests, and index cal-
culations. There are 11 extreme precipitation indices recommended by ETCCDMI, and Rnn was modified to R1mm and R50 mm in this 
study. 
Based on different classification criteria, the extreme precipitation indices can be divided into different categories, which can be 
classified into monthly extreme precipitation indices and annual extreme precipitation indices based on different time scales, and into 
absolute threshold indices and relative threshold indices based on different threshold classification methods (Alexander et al., 2019). 
For example, Croitoru et al. (2013) classified extreme precipitation indices into two categories based on frequency and intensity. Yao 
et al. (2020) classified extreme precipitation indices into four categories based on intensity, percentile threshold, frequency, and 
duration. Based on the rainfall characteristics of the study area, we classified these 12 extreme precipitation indices into the following 
three categories: 1) duration indices, including CDD and CWD; 2) frequency indices, including R1mm, R10 mm, R20 mm, and R50 mm; 
and 3) intensity indices, including RX1day, RX5day, SDII, R95p, R99p, and PRCPTOT. 
Fig. 1. Location of the study area and meteorological stations.  
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2.2.2. Trend analysis 
The MK test is a non-parametric test recommended by the World Meteorological Organization (WMO) for time-series analysis and is 
widely used for trend testing of hydrological and meteorological elements. However, in the application process, the autocorrelation of 
hydrological and meteorological elements often causes the elements with insignificant trends to become significant. Thus, it should be 
noted that the results of the MK test were affected by autocorrelation of the time series. It is essential to keep the time series serially 
independent before performing the trend test. The PWMK test (Yue and Wang, 2002), which can eliminate autocorrelation in the series 
and maintain consistency with the overall trend of the MK test results, was considered for trend testing in this study. Previous studies 
have used the prewhitening procedure before trend detection (O’Brien et al., 2021; Wu et al., 2021; Xu and Tang, 2021). The results 
showed that this method is more reasonable than the MK test and improves the accuracy of the trend test. In this study, the pre-
whitening procedure was applied by the following steps: 
First, eliminating the linear trend of raw series. 
Yt = Xt − βt (1)  
where Yt, Xt and βt are the de-trended series, raw series value, and linear regression slope of the trend in the raw series at time t, 
respectively. 
Second, removing the autocorrelation term from the de-trended series. 
Yt ’ = Yt − r1Yt− 1 (2)  
where r1 is the lag-1 serial correlation coefficient of the de-trended series and Yt ’ is the de-trended and pre-whitened series, called the 
residual series. 
Finally, we added the linear trend that was eliminated in the first step back to the de-trended or residual series. 
Y ’’ t = Yt ’ + βt (3)  
where Y’’ t is the pre-whitened series. 
2.2.3. GAMLSS model 
The GAMLSS model can establish the relationship between the statistical parameters of the response variables (location, scale, 
shape, etc.) and explanatory variables based on fitting the location, scale, and shape parameters with an addable semi-parametric or 
non-parametric term, or a random-effects term (Rigby and Stasinopoulos, 2005). The ability to introduce multiple explanatory var-
iables is a remarkable advantage of the GAMLSS. 
In this study, we used a semi-parametric GAMLSS model. Suppose there are n independent observations, yi (i = 1,⋯, n), which 




. In this case, θi corresponds to the location parameter (mean (Mn), median, etc.), the scale parameter 
(variance (Var), mean square, etc.), and the shape parameter (skewness coefficient, kurtosis coefficient), where θiT = (θi1,θi2,⋯,θik) 
represents the k parameters (position, scale, and shape) vector, and k is usually less than 4. The formula is as follows: 
gk(θk) = Xkβk +
∑m
j=1
hjk(xjk) (4)  
where θk is a vector of length n, Xk is an n × m matrix of explanatory variables, and βk is a vector of parameters of length m. hjk(.)
represents the functional relationship between the distribution parameters and the explanatory variables xjk. This model is widely used 
for risk assessment of extreme precipitation events and has been shown to outperform traditional distribution models (Chen et al., 
2021; Gao et al., 2018). Here, we briefly describe the application of the GAMLSS model in this study. The changes in Mn and Var of the 
Table 1 
Extreme precipitation indices considered in this study.  
Index Indicator name Description Units 
RX1day Max 1-day precipitation amount Monthly maximum 1-day precipitation mm 
RX5day Max 5-day precipitation amount Monthly maximum consecutive 5-day precipitation mm 
SDII Simple daily intensity index Annual total precipitation divided by the number of wet days (defined as precipitation >= 1.0 
mm) in the year 
mm/ 
day 
R1mm Number of wet days Annual count of days when precipitation > = 1 mm Days 
R10mm Number of heavy precipitation days Annual count of days when precipitation > = 10 mm Days 
R20mm Number of very heavy precipitation 
days 
Annual count of days when precipitation > = 20 mm Days 
R50mm Number of extreme heavy 
precipitation days 
Annual count of days when precipitation > = 50 mm Days 
CDD Consecutive dry days Maximum number of consecutive days with daily precipitation < 1mm Days 
CWD Consecutive wet days Maximum number of consecutive days with daily precipitation > = 1 mm Days 
R95p Very wet days Annual total precipitation when daily precipitation >95th percentile mm 
R99p Extremely wet days Annual total precipitation when daily precipitation >99th percentile mm 
PRCPTOT Annual total wet days precipitation Annual total daily precipitation in wet days mm  
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extreme precipitation series indicate that they exhibit non-stationary characteristics (Gao et al., 2018). Therefore, the Mn and Var of 
the extreme precipitation series were used to characterize the location and scale parameters in the GAMLSS model, respectively. 
Moreover, the effect of the random term on the model was not considered in this study. The functional relationship between the 
statistical parameters mean θ1 and variance θ2 and the unique explanatory variable time t is as follows: 
g1(θ1) = tβ1 (5)  
g2(θ2) = tβ2 (6) 
The common types of distribution functions are listed in Table 2. The parameters of the distribution functions are Mn and Var of the 
extreme precipitation series. 
Common trend line-type expressions are summarized in Table 3. In this study, we considered a series in which Mn and Var exhibit a 
non-linear trend with non-stationarity. 
3. Results 
3.1. Spatio-temporal variation in extreme precipitation 
3.1.1. Temporal variation of extreme precipitation indices 
Fig. 2 illustrates the temporal variation of extreme precipitation indices from 1959 to 2019 in the PLB. In general, all indices except 
CDD, CWD, and R1mm showed a linearly increasing trend. The duration indices decreased and the intensive and frequent indices 
increased. 
For the duration indices, CDD showed a significant downward trend between 1960 and 1973, with a sudden increase to a peak of 43 
days in 1974, and showed a slow downward trend thereafter. Similar to CDD, CWD showed a decreasing trend until 1975, with a peak 
of 24 days in 1999 and a minimum of 9 days in 1989, 1991, and 2006. 
For the frequency indices, the decreasing trend of R1mm was not significant, reaching a minimum value of 148 days in 2003 and 
gradually increasing thereafter. R10 mm, R20 mm and R50 mm all showed an upward trend, with R20 mm showing largest upward 
trend. Note that some years have zero values of R50 mm during the time series, which was due to the limitations of the Thiessen 
polygon interpolation. 
For the intensity indices, both R95p and R99p showed a long-term increasing trend in the time series. R95p showed a clear upward 
trend after 1978, but showed decreasing trend during 2000–2009 and showed an upward trend thereafter. In contrast, the fluctuating 
trend of R99p was highly variable, with a total of 16 years with zero values, but with extreme values of 300 mm in both 1994 and 1998, 
and a continuous increasing trend after 2017. We also found that the trends of RX1day and RX5day were similar, but that of RX5day 
was more volatile. RX1day reached a maximum of 101 mm in 2001. RX5day showed a decreasing trend from 1967 to 1979 and 
increased thereafter. SDII varied between 6.8 mm/day in 1963 and 11.7 mm/day in 1998, with a significant increase over the entire 
study period. There was a visible upward trend in PRCPTOT, but a low-value range was observed between 2000 and 2009. 
Table 4 illustrates that, except for CDD and CWD, the other extreme precipitation indices showed an increasing trend at different 
confidence levels from 1959 to 2019. For R20 mm, R95p, and SDII, these indices showed a significant increasing trend at the 0.1 
significance level. 
3.1.2. Spatial variation of extreme precipitation indices 
The intensity and frequency of extreme precipitation indices in the PLB showed an increasing trend during the past 61 years, while 
the duration showed a decreasing trend (Fig. 3). In terms of the duration of extreme precipitation indices, more stations showed 
decreased trends in duration indices than those with increasing trends. The frequency indices showed an increasing trend for all 
stations except Ganzhou and Guangchang. The intensity indices showed an increasing trend at all stations except Boyang, with Yichun 
and Nancheng reaching a significance level of 0.05. Geographically, these results illustrate that the extreme precipitation intensity and 
frequency over the central PLB have increased. However, extreme precipitation events in the northwestern and southwestern regions 
of the basin showed less variability. 
Fig. 4 shows the PWMK trend for 12 extreme precipitation indices in PLB at different confidence levels from 1959 to 2019. For the 
Table 2 
Information on distribution functions.  
Distribution function Abbreviation Number of parameters 
Gamma GA 2 
Gumbel GU 2 
Log-Normal LOGNO 2 
Logistic LO 2 
Normal NO 2 
Inverse Gamma IGAMMA 2 
Inverse Gaussian IG 2 
Reverse Gumbel RG 2 
Weibull WEI3 2  
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duration indices, CDD and CWD showed increasing trends in the southern and northern parts of the PLB, respectively. For the fre-
quency indices, R1mm showed a decrease in the southern part of PLB and an increase in the northern part. As the threshold increased, 
an increasing trend from R10 mm to R50 mm across the entire basin was observed. Zhangshu and Nancheng showed a significant 
increasing trend of R50 mm at 0.05 significance level. Nanxiong and Guangchang were the exceptions. In terms of intensity indices, 
R95p showed an increasing trend across the basin, and for seven stations it reached the 0.05 significance level. However, compared to 
the trends at R95p, Boyang and Jinggangshan exhibited increasing trends at R99p. Additionally, at 13 out of 16 stations, RX1day and 
RX5day were dominated by a not-significant increasing tendency. We observed an overall increasing tendency of the SDII and six 
stations at 0.05 significance level. PRCPTOT showed an increasing trend at all stations except for Nanxiong. 
Table 5 shows that most stations (93.75 %) in the PLB had increasing trends, with the most significant increasing trend in Zhangshu 
and Jinggangshan. However, there was a decreasing trend in the extreme precipitation indices of about 30 % or more at stations such 
as Nanxiong, Boyang, and Ji’an. 
Table 6 shows that 75 % of the extreme precipitation indices showed increasing trends at each station, with R20 mm, R50 mm, 
R95p, RX1day, and SDII showing increasing trends at more than 13 stations. Fewer stations showed no trend, and only CWD, R10 mm, 
R99p, and PRCPTOT showed no trend at individual stations. In contrast, CDD, CWD, and R1mm showed decreasing trend at more than 
50 % of stations, with R1mm decreasing at approximately 60 % of the 16 stations. 
3.2. Non-stationary variation of extreme precipitation indices 
To assess the degree of goodness-of-fit between the statistical model and fitted data, the minimum Akaike information criterion 
(AIC) value was selected. The results of the optimal GAMLSS model obtained using the AIC criterion (Tables 7–9) showed that more 
than half of the extreme precipitation indices at 81.25 % of the stations in the PLB exhibited stationary characteristics, and the optimal 
distribution type was IGAMMA with a line shape of 1, that is, a linear trend in Mn and no trend in Var. 
In general, the extreme precipitation indices at each station were dominated by stationary characteristics (Table 8), with a 
maximum number distribution of IGAMMA and a maximum number linearity of 1. These results indicate that the stations can be 
divided into three categories: those with significant stationary characteristics (Xiushui, Yichun, Ganzhou, Nanxiong, Jingdezhen, 
Guixi, Yushan, Nancheng and Guangchang), those with a balance between stationary and non-stationary characteristics (Ji’an, 
Jinggangshan, Suichuan, Lushan, Boyang, and Zhangshu), and those with significant non-stationary characteristics (Nanchang). 
For the stations with significant stationary characteristics, Yichun, Ganzhou, Nanxiong, Guixi, Yushan, and Guangchang all had 10 
or more indices showing stationary characteristics, including the Guixi station, with all extreme precipitation indices showing sta-
tionary characteristics. Among the stations with balanced stationary and non-stationary characteristics, stations such as Ji’an and 
Jinggangshan showed non-stationary characteristics with five or more extreme precipitation indices. Only Nanchang had significant 
non-stationary characteristics of extreme precipitation indices, with 83.3 % of extreme precipitation intensity indices being non- 
stationary, the most at any individual station. 
Overall, the stations were dominated by stationary characteristics with regard to each extreme precipitation index (Table 9). 
However, certain stations exhibited non-stationary characteristics with regard to each index. In terms of the duration indices, the 
number of sites with stationary and non-stationary characteristics was similar for CDD and CWD, with both having nine stations 
exhibiting stationary characteristics. For the frequency indices, R10 mm, R20 mm, and R50 mm, all showed stationary characteristics. 
The number of stations with non-stationary characteristics in R1mm was 43.75 %. With the exception of RX5day, the intensity indices 
were classified as having significant stationary characteristics, with each index exhibiting stationary characteristics at more than 10 
stations. 
With the exception of three indices, R1mm, R10 mm and RX5day, the remaining indices were mostly stationary in the northern part 
of the basin (Fig. 5). In contrast, the R10 mm, R20 mm, R50 mm, R95p, R99p, SDII, and PRCPTOT indices showed stationary char-
acteristics in the southern part of the PLB. 
Table 3 
Information on line type expressions.  
No. Trendline type Expressions Characteristic 
1 m linear trend, σ no trend  m = m0 + m1t, σ = σ0  stationary 
2 m no trend, σ linear trend  m = m0 ,σ = σ0 + σ1t  stationary 
3 m parabolic trend, σ no trend  m = m0 + m1t + m2t2 ,σ = σ0  non-stationary 
4 m no trend, σ parabolic trend  m = m0 ,σ = σ0 + σ1t+ σ2t2  non-stationary 
5 m linear trend, σ linear trend  m = m0 + m1t, σ = σ0 + σ1t  stationary 
6 m parabolic trend, σ linear trend  
m = m0 + m1t + m2t2,
non-stationary 
σ = σ0 + σ1t  
7 m linear trend, σ parabolic trend  
m = m0 + m1t,
non-stationary 
σ = σ0 + σ1t+ σ2t2  
8 m parabolic trend, σ parabolic trend  
m = m0 + m1t + m2t2 ,
non-stationary 
σ = σ0 + σ1t+ σ2t2  
Note: m and σ are the first- and second-order moments of the probability density function, that is, Mn and Var, respectively. 
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Fig. 6 illustrates the PWMK trends for Mn at different confidence levels from 1959 to 2019. The results for Mn were generally 
consistent with the linear trend (Fig. 2). CDD, CWD, and R1mm showed decreasing trends in the study area. Most of the other indices 
showed an increasing trend and reached the 0.05 significance level. However, R99p and RX5day showed a decreasing trend and no 
trend in the northeastern and northwestern areas of the PLB, respectively. 
The results of the PWMK trend test for Var at each station (Fig. 7) showed a multivariate trend compared to that of Mn. For the 
Fig. 2. Variation of extreme precipitation indices in PLB during 1959–2019.  
Table 4 
PWMK test for extreme precipitation indices.  
Index CDD CWD R1mm R10mm R20mm R50mm R95p R99p RX1day RX5day SDII PRCPTOT 
PWMK statistic − 0.37 − 1.05 0.22 1.16 1.93* 0.57 1.75* 0.82 0.69 0.90 1.76* 1.41 
Note：* delineates significance at 0.1 significance level. 
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duration indices, CDD and CWD showed decreasing and increasing trends in the western part of the PLB, respectively. The frequency 
indices primarily showed a decreasing trend, with no more than four stations showing an increasing trend. Among the intensity 
indices, R95p and R99p showed opposite trends, with the former showing a decreasing trend in the southwestern and northeastern 
parts of the basin, whereas the latter showed increasing trends at most stations in the basin. The trends for RX1day and RX5day were 
similar, both showing decreasing trends in the northeastern area of the basin and increasing trends in the southeastern area of the 
basin. The majority of stations showed a decreasing trend with respect to SDII. PRCPTOT showed a decreasing trend in the north-
eastern and southwestern parts of the basin and an increasing trend in the southeastern part of the basin. 
Fig. 3. Spatial distribution of the PWMK test for the duration, frequency, and intensity of extreme precipitation indices in PLB during 1959–2019.  
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3.3. Risk changes of extreme precipitation 
For the different index types, CWD, R50 mm, RX1day, and RX5day were selected to represent the duration, frequency, and in-
tensity, respectively. The extreme precipitation amounts at 20-, 100-, and 500-yr return periods by GAMLSS were applied to analyze 
the risk of extreme precipitation for each station from 1959 to 2019. Fig. 8 shows that the northeastern and southwestern parts of the 
PLB had longer rainfall durations, but the trends reversed, with the northeastern part showing a decreasing trend and the southwestern 
part showing an increasing trend. Nanchang in the central part of the PLB showed a shorter duration and a decreasing trend. Overall, 
CWD increased as the return period increases. In terms of the different return periods, the maximum rainfall duration increased by four 
days from the 20-yr to the 100-yr and by two days from the 100-yr to the 500-yr return period. The range of low-value centers 
gradually decreased, with the smallest range observed in the 100-yr return period. 
Fig. 9 shows a significant increasing trend at all stations except for Zhangshu, Nanchang, Yushan, and Jinggangshan. In general, the 
number of rainstorms increased from southwest to the northeast. Among them, Yushan was heavy rainfall center, while Nanxiong was 
Fig. 4. Spatial distribution of the PWMK test for 12 extreme precipitation indices in PLB during 1959–2019.  
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the low rainfall center. In terms of the different return periods, the maximum number of rainstorms increased by six days from the 20- 
yr to the 100-yr return period, and by three days from the 100-yr to the 500-yr return period. Additionally, the frequency of heavy 
rainfall at Yushan with a 500-yr event was twice that of Nanxiong. 
The results of the three return periods for RX1day (Fig. 10) showed that the southwestern part of the basin was the center of low 
values and the southeastern and northwestern parts were the centers of high values. Additionally, most of the stations in the PLB 
showed a significant increasing trend. In terms of the different return periods, the maximum number of RX1day increased by 50 mm 
from the 20-yr to the 500-yr return period. 
RX5day reflects the intensity and duration of the extreme precipitation. Fig. 11 indicates that Lushan in the northwestern and Guixi 
in the northeastern part of the PLB were the high-value centers of RX5day, while the southwestern part was the low-value center of 
RX5day. The low-value centers in the southwestern region showed an increasing trend, whereas the high-value centers in the north 
showed a decreasing trend. As the return period increased, the rank of Nancheng decreased and that of Guangchang increased. 
To more intuitively illustrate the recurrence risk of extreme precipitation, three stations with significant non-stationary charac-
teristics were selected: Jingdezhen, Nanchang, and Ganzhou located in the upper, middle, and lower PLB, respectively. Additionally, 
we compared the RX1day, R50 mm, and CWD variation under stationary (no trend in Mn and Var) and non-stationary (the result of the 
GAMLSS model) conditions for different return periods. For RX1day, Jingdezhen is Mn non-stationarity, Nanchang is Mn and Var non- 
stationarity, and Ganzhou is Var non-stationarity. For R50 mm and CWD, Nanchang is Var non-stationarity and Mn non-stationarity, 
respectively. The non-stationarity model was able to better capture the trend in RX1day over time and better fit the trend change 
characteristics in the very high and very low value years than the stationary model (Fig. 12). It can be seen that the non-stationary 
model is better for assessing the recurrence risk of the intensity, frequency, and duration of extreme precipitation events. 
From a different station perspective, Jingdezhen under stationary conditions exceeded the 500-yr return period in both 2012 and 
2018, while under non-stationary conditions, the year 2012 was placed between the 100-yr and 500-yr return periods (Fig. 12a). The 
return period for non-stationary conditions at Jingdezhen continued to increase between 1959 and 1970. The highest RX1day under 
the 500-yr return period occurred in 1970 and then decreased slightly. However, the growth continued after 1990 and has increased in 
recent years, reaching 503.16 mm in 2019. 
Nanchang, the capital of Jiangxi Province, the intensity, frequency, and duration of extreme precipitation showed non-stationary 
characteristics. For the RX1day, Nanchang showed a bimodal variation characteristic of non-stationary conditions, with peaks of 
306.63 and 473.54 mm around 1973 and 2001 for the 500-yr return period, respectively, and a significant downward trend after 2001 
Table 5 
Statistics of PWMK trend for extreme precipitation indices at the stations.  
No. Station Significant increasing Increasing No trend Decreasing Significant decreasing 
1 Xiushui 0 9 0 3 0 
2 Yichun 4 5 0 3 0 
3 Ji’an 3 6 0 3 0 
4 Jinggangshan 1 8 1 2 0 
5 Suichuan 1 8 1 2 0 
6 Ganzhou 3 4 1 4 0 
7 Nanxiong 0 5 1 6 0 
8 Lushan 0 9 2 1 0 
9 Boyang 0 7 0 5 0 
10 Jingdezhen 1 10 0 1 0 
11 Nanchang 2 8 0 2 0 
12 Zhangshu 4 7 0 1 0 
13 Guixi 1 8 1 2 0 
14 Yushan 0 10 0 1 1 
15 Nancheng 3 6 0 3 0 
16 Guangchang 0 5 2 5 0  
Table 6 
Statistics of PWMK trends for stations with respect to the extreme precipitation indices.  
No. Indices Significant increasing Increasing No trend Decreasing Significant decreasing 
1 CDD 0 5 0 10 1 
2 CWD 0 2 3 11 0 
3 R1mm 0 5 1 10 0 
4 R10mm 0 13 0 3 0 
5 R20mm 1 14 0 1 0 
6 R50mm 2 14 0 0 0 
7 R95p 7 7 1 1 0 
8 R99p 2 10 3 1 0 
9 RX1day 2 11 0 3 0 
10 RX5day 0 13 0 3 0 
11 SDII 6 10 0 0 0 
12 PRCPTOT 3 11 1 1 0  




Distribution characteristics and lineaments of the extreme precipitation indices at stations.  
No. CDD CWD R1mm R10mm R20mm R50mm R95p R99p RX1day RX5day SDII PRCPTOT 
1 IGAMMA-1 RG-7* NO-4* IG-2 GA-8* GA-1 GA-2 RG-1 IGAMMA-1 IGAMMA-2 RG-1 RG-2 
2 IGAMMA-2 RG-2 LO-2 NO-1 GA-1 RG-1 WEI3-1 RG-5 IGAMMA-1 IGAMMA-1 IG-7* NO-1 
3 IGAMMA-3* RG-8* NO-3* GA-1 WEI3-1 NO-1 WEI3-3* RG-6* IGAMMA-1 RG-4* GA-1 GA-1 
4 RG-3* RG-2 LO-3* GA-2 NO-7* GA-2 GA-4* RG-2 IG-2 IGAMMA-3* LO-7* GA-7* 
5 IG-4* IGAMMA-4* IGAMMA-3* NO-2 NO-1 RG-3* RG-1 RG-2 IG-2 IG-3* LO-1 GA-1 
6 IGAMMA-2 IGAMMA-3* RG-1 IG-2 GA-2 GA-1 GA-1 RG-1 IGAMMA-7* RG-1 IG-1 IGAMMA-2 
7 GA-1 RG-3* IGAMMA-2 IGAMMA-2 NO-2 NO-2 NO-1 RG-1 GA-2 GA-2 GA-2 IG-2 
8 IGAMMA-3* RG-2 WEI3-1 NO-7* WEI3-3* WEI3-1 WEI3-1 RG-2 IG-1 IGAMMA-4* LOGNO-1 GA-7* 
9 IG-4* LOGNO-2 NO-8* GA-7* IG-1 GA-1 RG-1 RG-1 IGAMMA-1 RG-4* RG-1 IG-7* 
10 RG-1 IG-2 NO-1 GA-3* IG-1 GA-1 WEI3-1 RG-2 IGAMMA-3* IG-3* IGAMMA-1 GA-1 
11 IGAMMA-1 GA-3* NO-3* IG-1 IG-7* GA-4* GA-4* RG-3* IGAMMA-8* IGAMMA-1 RG-4* RG-7* 
12 IG-7* IG-3* NO-4* NO-1 GA-1 NO-7* WEI3-3* RG-2 RG-2 IG-2 NO-1 WEI3-1 
13 IGAMMA-2 IG-2 WEI3-2 GA-1 IG-1 WEI3-1 RG-1 RG-2 IG-1 IG-2 IGAMMA-1 GA-1 
14 IGAMMA-1 IGAMMA-1 WEI3-2 GA-1 IG-1 GA-2 WEI3-2 RG-2 IG-1 IGAMMA-3* RG-1 IG-1 
15 GA-4* IGAMMA-5 NO-2 NO-1 NO-1 RG-5 RG-5 RG-6* IGAMMA-7* IG-1 NO-5 LO-5 
16 IGAMMA-2 RG-1 GA-1 GA-2 NO-2 WEI3-1 WEI3-1 RG-2 IGAMMA-4* IGAMMA-4* RG-1 IG-2 
Notes: * represents non-stationarity; the serial numbers of the stations are listed in Table 5, the same blow; the abbreviations of distribution functions and line types are listed in Table 2 and Table 3, 
respectively. 
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(Fig. 12b). For R50 mm, the highest value of 13 d occurred in 1959, and the lowest value of 1 d occurred in 2007 (Fig. 12d). The 
frequency of extreme precipitation in Nanchang shows greater fluctuations owing to Var non-stationarity. In terms of CWD, the return 
period of extreme precipitation duration in Nanchang increased with time, showing a linear trend (Fig. 12e). There was a great dif-
ference in the performance of the stationary and non-stationary conditions. The former had a lower value than the latter under the 
same return period. 
Ganzhou shows an "L" shaped trend under non-stationary conditions, with the highest value of 342.41 mm occurring in 1959 and 
the lowest value of 125.25 mm in 1971 (Fig. 12c). Under non-stationary conditions, RX1day reached the 100-yr and 20-yr return 
period levels in 1961 and 1982, respectively. However, under stationary conditions, 1961 exceeded the 500-yr return period. 
Furthermore, from 1967 to 1977, the 500-yr return period under non-stationary conditions was lower than the 20-yr return period 
under stationary conditions. 
In general, the Mn non-stationarity and Var non-stationarity caused trend changes and fluctuating changes in the return period, 
respectively. If both Mn and Var show non-stationary characteristics, then the variation of extreme precipitation return period will be 
more obvious and bring a higher risk of disaster. For example, the results of the return periods of intensity, frequency, and duration of 
extreme precipitation events in Nanchang indicated that non-stationarity was more likely to change the return periods of extreme 
precipitation intensity than frequency and duration. 
The values for the stationary and non-stationary characteristics differed significantly across time (Table 10), with higher values for 
the non-stationary model overall. Furthermore, the difference between the non-stationary and stationary models became more sig-
nificant as time increased, particularly after 1985. In the 20-yr return period of RX1day, the stationary model showed higher values 
from 1959 to 1984. In contrast, in the 100-yr return period of RX1day, the non-stationary model was higher than the stationary model 
after 1970. The overall value of the non-stationary model was higher than that of the stationary model for the 500-yr return period of 
RX1day. 
Table 8 
Statistics of GAMLSS model for extreme precipitation indices at station.  
No. Station Number of stationary Number of non-stationary Optimal distribution Optimal 
linearity 
1 Xiushui 9 3 IGAMMA 1 
2 Yichun 11 1 IGAMMA 1 
3 Ji’an 6 6 RG 1 
4 Jinggangshan 5 7 RG 2 
5 Suichuan 7 5 IG 1 
6 Ganzhou 10 2 IGAMMA 1 
7 Nanxiong 11 1 GA 2 
8 Lushan 7 5 WEI3 1 
9 Boyang 7 5 RG 1 
10 Jingdezhen 9 3 IG 1 
11 Nanchang 3 9 IGAMMA 1 
12 Zhangshu 7 5 NO 1 
13 Guixi 12 0 IG 1 
14 Yushan 11 1 IGAMMA 1 
15 Nancheng 9 3 NO 5 
16 Guangchang 10 2 IGAMMA 2  
Table 9 
Statistics of the GAMLSS model for stations with respect to extreme precipitation indices.  
No. Indices Number of stationary Number of non-stationary Optimal distribution Optimal 
linearity 
1 CDD 9 7 IGAMMA 1 
2 CWD 9 7 RG 2 
3 R1mm 9 7 NO 2 
4 R10mm 13 3 GA 1 
5 R20mm 12 4 NO 1 
6 R50mm 13 3 GA 1 
7 R95p 12 4 WEI3 1 
8 R99p 13 3 RG 2 
9 RX1day 11 5 IGAMMA 1 
10 RX5day 8 8 IGAMMA 2 
11 SDII 13 3 RG 1 
12 PRCPTOT 12 4 GA 1  
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4. Discussion 
4.1. Spatio-temporal variation in extreme precipitation 
The results show that the intensity and frequency of extreme precipitation increased significantly during the past 61 years in the 
PLB, whereas the duration of extreme precipitation decreased significantly. Zhang et al. (2015) also found that the intensity of 
moderate and heavy rainfall increased in the PLB. Moreover, the annual area affected by extreme precipitation events showed a 
general upward trend of 400 km2/year (Zhan et al., 2019). Fig. 2 shows that 1990–2000 and 2010–2015 had a high occurrence of 
extreme precipitation events. In 1990–2000, increased rainfall due to ENSO caused severe flooding in the PLB in 1992, 1995, and 1998 
(Hu et al., 2007; Shankman et al., 2006). In 2010–2015, the PLB experienced severe drought events in 2012, 2013, and 2015. These 
results indicate that there is an unequal temporal distribution of precipitation in the PLB. Extreme precipitation events concentrated in 
the flood season (April–September) can not only lead to flooding, but also to drought events in the non-flood season (October–March). 
Fig. 5. Spatial distribution of the GAMLSS model for extreme precipitation indices in PLB.  
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In general, Var is an important indicator of non-stationarity. Variations in Var imply an increase and decrease in precipitation, which 
leads to floods and droughts, respectively. The non-stationary characteristics of precipitation in the PLB were further verified by 
drought and flood in 2019 and 2020, respectively. The runoff in the PLB increases during the flood season due to precipitation in-
creases and the interaction between the Yangtze River flow and PLB (Hu et al., 2007). Therefore, extreme precipitation during the 
flood season is often associated with floods (Tang et al., 2021; Zhou et al., 2021). Moreover, extreme precipitation during the non-flood 
season is the main cause of runoff variation (Lei et al., 2021). Drought events are likely to occur once precipitation is lower than the 
mean climatology (Lu et al., 2021). Additionally, in terms of geospatial distribution, extreme precipitation trends increased signifi-
cantly in the southwestern, eastern, and northeastern areas of the PLB. Li and Hu (2019) reported that the northeastern and eastern 
areas experienced a higher frequency of extreme precipitation events. This is due to the fact that extreme precipitation tends to occur 
during the flood season. Topography at high altitudes during summer and autumn is conducive to the formation of extreme precip-
itation conditions (Zhang et al., 2014). Therefore, there is a significant trend of increasing extreme precipitation in the south and east. 
Furthermore, high-altitude topography in different regions contributes positively to extreme precipitation (Guan et al., 2017). 
Fig. 6. Spatial distribution of PWMK test for Mn of extreme precipitation indices from 1959 to 2019.  
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4.2. Non-stationary characteristics of extreme precipitation indices 
The GAMLSS model results, shown in Tables 7–9, indicate that the extreme precipitation indices in the PLB are dominated by 
stationary characteristics. However, the Nanchang site exhibited significant non-stationary characteristics and showed a significant 
trend of increasing intensity and frequency of extreme precipitation events over the past 61 years. In fact, frequent climate change and 
human activities in recent years have affected the stationary characteristics of extreme precipitation in the PLB. In terms of the impact 
of climate change, precipitation in the PLB is influenced by several atmospheric circulation indices (Xiao et al., 2015; Zhu et al., 2020). 
Human activities have increased daily precipitation extremes by approximately 13 % (Chen and Sun, 2017). Moreover, as urbanization 
increases, land use changes affect the global and local climate by changing the atmospheric moisture and ecological balance (Salazar 
et al., 2015). Nanchang is the economic, political, and cultural center of the Jiangxi Province. With the accelerating urbanization since 
the 1978 economic reforms, human activities in Nanchang have become increasingly frequent (Wang, 2020). Meanwhile, increased 
CO2 emissions, reduced vegetation cover, and large amounts of reclaimed agricultural land (Li et al., 2012) have contributed to local 
climate change. Gao et al. (2018) found that climate indices can affect mean-state Var during extreme precipitation events, and human 
Fig. 7. Spatial distribution of the PWMK test for Var of the extreme precipitation indices from 1959 to 2019.  
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activities can lead to significant changes in extreme precipitation events. Therefore, the non-stationary characteristics of Nanchang are 
mainly caused by frequent human activities. At the same time, the results of the trend test for Var (Fig. 7) show relatively less stability 
for the stations at higher altitudes and an increasing trend, which indicates that topography has an influence on extreme precipitation 
events. 
4.3. Risk changes of extreme precipitation 
Previous studies have shown that GAMLSS is suitable for assessing the non-stationary characteristics of extreme precipitation 
indices and their attributes (Gao et al., 2018; Zhang et al., 2015, 2014). It can also be used to calculate extreme precipitation amounts 
Fig. 8. Spatial distribution of CWD (d) for 20-, 100-, and 500-yr return periods as well as the PWMK trends.  
Fig. 9. Spatial distribution of R50 mm (d) for the 20-, 100-, and 500-yr return periods as well as the PWMK trends.  
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at different return periods (Gao et al., 2017). Figs. 8–11 show that the high value of extreme precipitation events in the basin is located 
in the north and east, and the low values are located in the southwest. Moreover, the higher elevations in the east and south, which are 
more mountainous and hilly landscapes, make the local climate susceptible to the effects of elevation. Most areas of the PLB are below 
the medium level in the 20-yr return period of each index, particularly in the plains. 
However, comparing the variation of RX1day over time for different stations (Fig. 12a–c) showed that Jingdezhen and Nanchang 
have higher values than Ganzhou in both the stationary and non-stationary models. Previous studies have shown that the EASM 
significantly contributes to precipitation in the middle and lower reaches of the Yangtze River, particularly in summer (Ren et al., 
2013; Xiao et al., 2015; Zhu et al., 2020). Jingdezhen and Nanchang are closer to Poyang Lake and the Yangtze River than Ganzhou and 
are thus more susceptible to changes in water moisture. Hence, the values of the extreme precipitation events were high. With extreme 
precipitation events showing non-stationary characteristics, we need to be aware that there is a possibility of future flooding in 
Fig. 10. Spatial distribution of RX1day (mm) for the 20-, 100-, and 500-yr return periods as well as the PWMK trends.  
Fig. 11. Spatial distribution of RX5day (mm) for 20-, 100-, and 500-yr return periods as well as the PWMK trends.  
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Nanchang. In addition, the results in Fig. 12 show that the non-stationary model can be unusually low in individual years, such as in 
Nanchang from 2016 to 2019 and Ganzhou from 1967 to 1977. Therefore, the design of rainfall flood protection standards should 
integrate stationary and non-stationary models to avoid excessive fluctuations in standards. 
In general, Mn non-stationarity and Var non-stationarity changed the trend and fluctuation state of the return period of extreme 
precipitation events, respectively. The combination of the two can have a significant impact on extreme precipitation events. 
5. Conclusion 
In this study, 12 extreme precipitation indices were selected to analyze the spatial and temporal variations of extreme precipitation 
in the PLB based on the PWMK and GAMLSS models. The variation in the return period under non-stationary conditions was also 
investigated. The results provide a scientific basis for water resource management and disaster prevention in the PLB. The important 
conclusions drawn from this study are as follows. 
(1) Extreme precipitation intensities and frequency in the PLB increased from 1959 to 2019, while the duration of extreme pre-
cipitation decreased significantly. For instance, R50 mm increased by 0.43 days and CWD decreased by 1.58 days. R95p 
increased by 141.33 mm, which accounted for more than 87 % of PRCPTOT. Additionally, extreme precipitation trends 
increased significantly in the southwestern, eastern, and northeastern areas of the PLB. The number of extreme precipitation 
indices that showed an increase at the Jingdezhen site was twice that at the Nanxiong site.  
(2) Most of the extreme precipitation indices showed stationary characteristics in most parts of the PLB. The duration of extreme 
precipitation showed significant non-stationary characteristics in the western PLB. However, at the site scale, stationary and 
non-stationary characteristics appeared separately with respect to different indices, particularly for Nanchang, with 83.3 % of 
extreme precipitation intensity indices showing non-stationary characteristics.  
(3) The trend of the Mn of the extreme precipitation indices increased more than Var. However, the Mn of extreme precipitation 
duration showed a significant decrease, while Var showed an increasing trend. 
Fig. 12. Comparison of stationary (S) and non-stationary (NS) characteristics of extreme precipitation indices under the three return periods at 
typical stations (upper, middle, and lower) in the PLB. (a) RX1day at Jingdezhen; (b) RX1day at Nanchang; (c) RX1day at Ganzhou; (d) R50 mm at 
Nanchang; (e) CWD at Nanchang. 
Table 10 
Differences in the values of RX1day for typical stations under non-stationary conditions at different time periods for the 20, 100, 500-yr return periods 
compared to the stationary conditions.  
Station 1959–1969 1970–1984 1985–1999 2000–2019 
Jingdezhen − 18.3 / − 2.5 / 27.5 − 6 / 13.9 / 48.6 − 22.2 / − 7.8 / 20.7 23.4 / 53.1 / 98.9 
Nanchang − 8.4 / − 4.4 / 5.8 − 11.2 / 0.8 / 22.0 4.4 / 35.3 / 83.1 2.1 / 16.5 / 42.9 
Ganzhou − 13.5 / − 5.0 / 9.8 − 28.2 / − 35.1 / − 39.8 0.8 / 7.7 / 18.3 15.4 / 25.5 / 39.5 
Note: bold values indicate higher values for non-stationary conditions than for the stationary conditions. 
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(4) The risk of extreme precipitation increased significantly for different return periods under non-stationary conditions in the 
northwest and northeast of the PLB. The duration and frequency of extreme precipitation increased from southwest to northeast. 
The intensity of extreme precipitation was higher in the southeastern and northwestern parts of the PLB. The RX1day and 
RX5day in the northwestern part of the PLB were twice that of the southwestern PLB under the 500-yr return period.  
(5) The risk of extreme precipitation in the PLB could be better captured and simulated using a non-stationary model. The risk of 
extreme precipitation in most parts of the PLB was below the medium level in the 20-yr return period, particularly in the plains. 
In the last 10 years, the stationary method has significantly underestimated the extreme precipitation intensity at the Jing-
dezhen and Ganzhou sites for the 500-yr return period. There is also an underestimation of the frequency and duration of the 
return period of extreme precipitation events. In the future, more attention should be paid to the increase and fluctuation of the 
return period of extreme precipitation events caused by Mn non-stationarity and Var non-stationarity, as well as the extreme 
precipitation events caused by the combination of the two. 
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